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Objective: There is an interest in using Magnetic Resonance Imaging (MRI) to identify pre-radiographic
changes in osteoarthritis (OA) and features that indicate risk for disease progression. The purpose of
this study is to identify image features derived from MRI T2 maps that can accurately predict onset of OA
symptoms in subjects at risk for incident knee OA.
Methods: Patients were selected from the Osteoarthritis Initiative (OAI) control cohort and incidence
cohort and stratiﬁed based on the change in total Western Ontario and McMaster Universities Arthritis
(WOMAC) score from baseline to 3-year follow-up (80 non-OA progression and 88 symptomatic OA
progression patients). For each patient, a series of image texture features were measured from the
baseline cartilage T2 map. A linear discriminant function and feature reduction method was then trained
to quantify a texture metric, the T2 texture index of cartilage (TIC), based on 22 image features, to identify
a composite marker of T2 heterogeneity.
Results: Statistically signiﬁcant differences were seen in the baseline T2 TIC between the non-progression
and symptomatic OA progression populations. The baseline T2 TIC differentiates subjects that develop
worsening of their WOMAC score OAwith an accuracy between 71% and 76%. The T2 TIC differences were
predominantly localized to a dominant knee compartment that correlated with the mechanical axis of
the knee.
Conclusion: Baseline heterogeneity in cartilage T2 as measured with the T2 TIC index is able to differ-
entiate and predict individuals that will develop worsening of their WOMAC score at 3-year follow-up.
 2013 Osteoarthritis Research Society International. Published by Elsevier Ltd. All rights reserved.Introduction
Plain radiography is the imaging standard used to diagnose
osteoarthritis (OA). Progression can be tracked following serial
radiographs by assessing changes in joint space width and the
appearance of other OA hallmarks, including osteophytes1.: K.L. Urish, Department of
oskeletal Sciences, College of
e Drive EC089, Hershey, PA
3.
ish@gmail.com (K.L. Urish),
n@gmail.com (J.R. Durkin),
.edu (C.R. Chu), tmosher@
s Research Society International. PHowever, radiographs are an unsatisfactory imaging modality for
OA because it lacks the sensitivity to capture and monitor early
disease progression when intervention has the greatest potential
for modifying patient outcomes. Ultimately, there is a poor corre-
lation between radiographic OA changes, clinical complaints of
pain2, and disease progression. Because Magnetic Resonance Im-
aging (MRI) has the capability to directly image cartilage, it has the
potential to provide sensitive and speciﬁc measurements of tissue
damage occurring at an early stage of OA. There have been pre-
liminary applications of compositional MRI techniques to detect
changes in water and proteoglycan content and anisotropy of
collagen ﬁbers3e6 associated with early degradation7. New imaging
modalities are needed that can detect early changes in OA.
The MRI transverse relaxation time (T2) of articular cartilage is a
quantitative tissue parameter that is strongly dependent on theublished by Elsevier Ltd. All rights reserved.
Fig. 1. Experiment design schematic. The non-progression group was collected from
the OAI control cohort (n ¼ 80). The rapid progression population was collected from
the OAI incidence cohort (n ¼ 88). At the initial time point, the progression population
was asymptomatic, and at the 3-year time point, this population experienced a
WOMAC change >10. Segmentation and registration software were used to extract
texture features from baseline T2 maps. The group was divided into separate, inde-
pendent training and testing subsets. An image classiﬁer, SVM, was used to develop a
texture metric (T2 TIC) to predict OA progression using the training subset. MFE was
then used for feature reduction. The accuracy of T2 TIC was measured on the inde-
pendent testing subset.
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water content4,7,9. In healthy tissue the T2 distribution of knee
articular cartilage has awell-recognized spatial pattern in T2 values
that reﬂect regional variation in the collagen ﬁber anisotropy and
water content. This pattern is observed in T2-weighted clinical MR
images, where low signal is observed near bone, gradually
increasing in signal intensity toward the articular surface reﬂecting
the depth dependency in orientation of the collagen matrix with
respect to the applied magnetic ﬁeld. Loss of this pattern is
observed and used to identify focal cartilage injury. Early in the
pathogenesis of OA, loss of cartilage anisotropy and increase in
water content produce greater variability in T2 values between
neighboring voxels. With more chronic cartilage damage, areas of
low signal intensity may be observed near sites of focal cartilage
injury, producing greater variation in the pattern of T2 signal in
cartilage10.
We postulate that disruption of the normal spatial variation in
cartilage T2 is an early indication of cartilage injury that may pre-
dict individuals at risk for developing OA symptoms. To test this
hypothesis, we analyzed data obtained from the Osteoarthritis
Initiative (OAI) data set to identify quantitative measures of carti-
lage T2 heterogeneity that are present at baseline in subjects that
subsequently develop OA symptoms.
Materials and methods
Population cohort
Data was obtained from the OAI database, available for public
access at http://www.oai.ucsf.edu/. Speciﬁc datasets used from the
OAI were kXR SQ reading (BU) [version 0.5] for measurement of the
Kellgren and Lawrence (KL) grade scores. Clinical symptoms were
assessed with the Western Ontario and McMaster Universities
Arthritis (WOMAC) questionnaire at the time of magnetic reso-
nance screening11.
A total of 168 patients were selected from the OAI prospective
cohort (n ¼ 4,796); 80 were selected from the unexposed control
subcohort for the non-progression population and 88 from the
incidence subcohort for the symptomatic progression population
(Fig. 1). Non-progression subjects were selected from the OAI un-
exposed control subcohort, deﬁned at baseline and at 3 years by a
WOMAC score <10 with a KL score 2 (KL ¼ 0, n ¼ 72; KL ¼ 1,
n ¼ 8), and no risk factors for OA progression; The symptomatic OA
progression cohort was selected from the OAI incidence subcohort
based on the initial (baseline) criteria of a WOMAC score 10, but
with a change inWOMAC score of>10within 3 years frombaseline,
and minimal baseline radiographic signs of OA deﬁned as a KL 2
(KL ¼ 0, n ¼ 41; KL ¼ 1, n ¼ 25; KL ¼ 2, n ¼ 22). Analysis of this
group was repeated with a more restrictive exclusion criteria of no
radiographic signs of OA deﬁned as a KL <2 (KL ¼ 0, n ¼ 41; KL ¼ 1,
n ¼ 25). Exclusion criteria for the entire OAI cohort included
rheumatoid arthritis, bilateral total knee joint replacement, and a
positive pregnancy test. Institutional review board approval was
obtained at all participating institutions in the OAI, and informed
consent was obtained by all participants in the study12.
MR image acquisition, plain radiographic, and clinical assessment
In the OAI cohort, 3 dimensional sagittal dual echo steady state
(DESS) and T2 mapping images were acquired from the imaging
database freely available by request (http://oai.epi-ucsf.org)13.
Standard bilateral standing posterioreanterior ﬁxed ﬂexion knee
radiographs were obtained at the baseline visit. Knee radiographs
were graded using the KL scoring system14. The mechanical axis
was determined using the standard technique of measuring theangle placed from the center of the femoral head to the medial
tibial prominence to the midline of the ankle15. OAI datasets used
included the baseline and 1-year imaging data set 0.E.1 and 0.C.2.Image registration, segmentation, and T2 maps
DESS and T2 images were registered using the Mattes mutual
information metric16. Validation, accuracy, and precision of the
registration process have been previously described17. Registration
software was built using the insight toolkit, a Cþþ open source
image analysis library (www.itk.org)18. The software is freely
available (www.imageK.org).
Segmentation was completed on DESS images. Segmentation of
the femoral and patellar cartilage was completed using custom
semi-automated software implementing a global active statistical
shape model with a local active contour model as previously
described19. Gross inaccuracies in the segmentationwere manually
corrected. The segmentation was completed by a single individual,
and was completed in approximately 20 min per patient.
Binary masks of the lateral and medial femoral condyle and
patella were generated from the segmented images. There were 11
regions of interest (ROI) identiﬁed per individual. The lateral and
medial masks were split into ﬁve sections for each individual. The
division between the medial and lateral compartment was deﬁned
as the midpoint in sequences, which roughly correlated with the
anterior cruciate ligament, and was completedmanually. These ﬁve
subdivisions in the middle and lateral compartments are based on
equal sagittal divisions deﬁned in the region between the anterior
and posterior apex of the femoral cartilage on the femoral condyles
(Fig. S1). The patella region was treated as a single section.
T2 maps were calculated from the Multi-Slice-Multi-Echo T2
images. Calculation of the T2maps has been previously described20.
Table I
Demographic data of the control and symptomatic OA progression cohorts.
The change in WOMAC score is over a 3-year period.
Progression group Control group P value
No. of patients 88 80
Mean age (year) 56.0 [54.2, 57.8] 54.3 [52.8, 55.8] 0.14
M:F ratio 0.48 0.74 0.15
Mean BMI (kg/m2) 25.3 [24.4, 26.3] 24.7 [24.0, 225.4] 0.32
Mean KL 0.8 [0.6, 1.0] 0.1 [0, 0.2] <0.01
Mean KL 3-year D 0.4 [0.2, 0.5] 0.1 [0, 0.2] <0.01
Mean initial WOMAC 3.5 [2.8, 4.1] 0.2 [0.1, 0.4] <0.01
Mean minimum
WOMAC D/year
4.6 [6.3, 3.0] 0.8 [1.2, 0.4] <0.01
Mean maximum
WOMAC D/year
18.2 [16.4, 20.0] 0.7 [0.3, 1.1] <0.01
Mean WOMAC D/year 6.5 [5.9, 7.2] 0.0 [0.1, 0.0] <0.01
Mean WOMAC 3-year D 19.6 [17.8, 21.5] 0.1 [0.2, 0.1] <0.01
Range represents 95% conﬁdence interval; D ¼ change.
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linear least squares ﬁtting. The MR T2 signal decay of cartilage is
mono-exponential, and the signal intensity decay can be expressed
as an exponential decay as a function of time for each voxel. Masks
of the T2 maps were created from the DESS segmentations after
registration.
Image feature extraction
We chose as candidate features somewell-known descriptors of
image texture (local entropy, variance, cross-correlation, run-
lengths, histogram-based features); and integrated a feature
reduction step within the classiﬁer training. Candidate features
were calculated from each T2 map using the segmented binary
masks ROI using a Matlab script (Mathworks, Natick, MA). Each
feature was independently measured in each of the 11 sections on
each knee. There were four main categories of features: histogram,
gray level co-occurrence matrix (GLCM), gray level run length ma-
trix (GLRL), and z-score. The numbers reported below are the totals
from all 11 sections. A 32-bin histogram was used to calculate the
mean, variance, entropy, and central moments21,22. GLCM features
were calculated fromtheGLCMsat unit distance andangles 0, 45, 90,
135, and 90 in the z direction23. GLRL features were calculated
from GLRLs at angles 0 and 9024. The z-score was calculated for all
voxels in each section25. The mean value, variance, minimumvalue,
maximumvalue, and range of values were then calculated (n¼ 55).
Over all of the 11 sections, a total of 725 features were measured on
each T2 map. All features were normalized to the range [1,1].
Statistics
Classiﬁcation
An image classiﬁer, support vector machine (SVM), was used to
quantify differences in the texture metric and develop a model to
predict OA progression by classiﬁer training and testing based on
dividing the sub-populations into training and test sets (Fig. S2).
SVM training and testing were implemented using the LIBSVM
Matlab interface26. To assess the performance of the classiﬁer, we
randomly divided the entire cohort into equal-sized training (non-
progression, n ¼ 40; symptomatic OA progression, n ¼ 44) and test
(non-progression, n ¼ 40; symptomatic OA progression, n ¼ 44)
subsets with equal numbers of non-progression and symptomatic
OA progression individuals. This was repeated to create one thou-
sand sets of corresponding independent training and testing sub-
sets where no patients from the training set were included in the
matching testing set. In each of the 1,000 trials, the SVM classiﬁer
was trained to discriminate between non-progression and symp-
tomatic OA progression populations using all 725 features on the
training set, and the accuracy of the classiﬁer and confusion matrix
wasmeasured on the independent test set. It should be emphasized
that the training and test subsets were independent, and mea-
surements of the accuracy of themodel did not include any patients
from the training set used to build the model.
Feature elimination
Margin-based feature elimination (MFE) was used to eliminate
redundant and uninformative candidate features27,40e44
(Supplemental Methods). For each trial, SVM training was
coupledwithMFE to identify a reduced set of essential features. The
accuracy of the reduced feature set was tested on the test data set,
and the confusionmatrix was again determined. After classiﬁcation
was completed and the T2 TIC was calculated, the T2 TIC of each
compartment was determined. Results were normalized based on
the number of regions in each compartment, and averaged across
the separate trials.Partial sum measurements
The contribution of the medial and lateral compartment to the
overall T2 TIC was determined using a partial weighted sum tech-
nique. After classiﬁcation was completed and the T2 TIC was
calculated (the SVM score), the T2 TIC of each separate compart-
ment was determined. Only the symptomatic progression popula-
tion was included in the analysis as we were investigating the
mechanical axis alignment’s contribution to symptomatic OA pro-
gression. In each of the trials, the partial weighted linear sum of the
medial femoral condyle, lateral femoral condyle, and patella
contribution to each individual’s overall SVM score was deter-
mined. Results were normalized based on the number of regions in
each compartment (5 for themedial and lateral condyle, one for the
patella), averaged across the trials, and rank ordered.
Data is expressed as mean  95% conﬁdence interval, except
where noted. Direct comparisons between two populations were
made using a two-tailed Student t-test. Statistical signiﬁcance was
determined if P < 0.05. Multiple group comparisons were made
using two-way analysis of variance, using the StudenteNewmane
Keuls pairwise comparison to determine signiﬁcance levels. Con-
ventions for box plot include the middle band representing the
median of the population, where the diagonal lines (notches)
represent an approximate 95% conﬁdence interval of the median. A
lack of overlap between the notches of the two populations sug-
gests that the two medians are statistically different. The bottom
and top of the boxes represent the 25% and 75% quantiles of the
data. The whiskers represent the minimum and maximum value of
the population. Outliers are shown as circular glyphs. Receiver
operating characteristic (ROC) analysis was performed on the entire
set using standard techniques28.
Results
Demographics
We deﬁned two populations in the OAI cohort: a non-
progression and symptomatic OA progression population. These
populations were comparable with regard to age, sex, and Body
Mass Index (BMI). As expected by cohort deﬁnitions, the non-
progression population had lower WOMAC and KL scores as
compared to the symptomatic OA progression population; how-
ever, the values are clinically comparable (Table I). The yearly
change in WOMAC scores in the symptomatic OA progression
population was highly variable while there was little change in the
non-progression group (Table I). The incidence of any reported
traumatic event to the knee was 17% in the symptomatic OA pro-
gression group and 4% in the non-progression group. The group of
Fig. 3. ROC analysis shows the prognostic accuracy of the T2 TIC has reasonable ac-
curacy. The sensitivity is the true positive rate. The speciﬁcity is equivalent to one
minus the false positive rate. The diagonal line indicates the result of random chance.
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progression population continued to have a large variation in yearly
changes in their WOMAC score at the other measured time points.
T2 TIC prediction of symptom development
The T2 TIC had good separation of the symptomatic OA pro-
gression and non-progression populations. An image classiﬁer,
SVM, was used to quantify differences in the texturemetric (texture
index of cartilage (TIC)) and develop a model to predict OA pro-
gression by classiﬁer training and testing based on dividing the sub-
populations into training and test sets. It should be emphasized
that the training and test subsets were independent, and mea-
surements of the accuracy of the model did not include any images
from the training set used to build the model. By deﬁnition, the
classiﬁer sets a signal texture index value of zero as the decision
boundary so that any positive value is classiﬁed as OA progression
and any negative value is classiﬁed as a control. Comparison of the
histogram and box plots of these two populations demonstrates
these differences are statistically signiﬁcant [Fig. 2(A and B)].
The T2 TIC can be used as a prognostic image biomarker for
worsening WOMAC score. Three separate cases of classiﬁer accu-
racy were analyzed. First, the accuracy based on using the entire set
of all 725 features, before feature elimination, was measured. The
balanced accuracy of the classiﬁer was 76.2  0.7%, corresponding
to an average sensitivity of 74.1  0.4% and an average speciﬁcity of
78.4  0.6%. Second, MFE was used to remove redundant and un-
informative features, signiﬁcantly reducing the feature space. An
average of only 20 of the 725 features was needed to maintain a
comparable level of accuracy. The balanced accuracy of the system
with was 71.7  0.3%, corresponding to an average sensitivity of
73.3  0.5% and an average speciﬁcity of 70.2  0.5%. ROC analysis
showed excellent classiﬁer performance, and tradeoffs between
speciﬁcity and sensitivity as a function of the SVM decision
boundary (Fig. 3). A problem with this approach is that a new
unique features set is generated on each trial (Fig. S2). At a sacriﬁce
of some minimal bias to obtain a single feature set, MFE can be
conducted simultaneously across all testing sets. When texture
features are eliminated simultaneously on each of the test trials to
generate a single set of features, balanced accuracy was
71.2%  0.3% with a sensitivity of 72.3%  05% and a speciﬁcity of
70.10.5%. Only 22 texture features were necessary to build the T2
TIC from the 725 initial MRI signal texture features measured using
this method. Exclusion of patients with a radiographic KL grade of 2Fig. 2. T2 TIC identiﬁes early signs of OA on T2 maps. (A) Histograms of the T2 TIC for th
decision of symptomatic OA, and a negative score indicates a decision of asymptomatic. Accu
based on 1,000 trials, with on average 22 features needed to build the T2 TIC. (B) Notched bo
bold line at the median as the conﬁdence interval is small. *P < 0.05.from the symptomatic OA progression cohort resulted in a minor
loss of accuracy. After MFE was used to remove redundant features,
balanced accuracy was measured at 69.3  0.3%.
The remainder of the discussionwill focus on the analysis of the
single feature set of the original cohort across the entire testing set.
A variety of different features were used in the T2 TIC metric and
were associated with speciﬁc cartilage sections (Table SI). The
lateral compartment contributed 69% of the features and the
medial compartment contributed 27% with the remainder of
the features from the patella.T2 TIC is associated with a dominant knee compartment
The image texture features that predict symptomatic progres-
sion of OA for most individuals are primarily localized within a
single compartment of the knee. This is demonstrated as follows.
The T2 TIC is calculated from a weighted sum of image feature
measurements from the lateral and medial compartments and the
patella. By separately considering the features from each
compartment (lateral, medial, patella) and ﬁnding the partial sum
of the SVM score for each section from the overall SVM score for the
knee, the effective contribution from each compartment to the
overall decision can be determined. The symptomatic OA progres-
sion population was considered separately in this analysis.
The contribution of features in each compartment to the overall
T2 TIC shows substantial separation between each compartmente non-progression and OA progression populations. A positive score corresponds to a
racy is 76%. The SVM decision boundary is indicated by the black line. Results shown are
x plots comparing the control and OA populations. The notched line is visualized as the
K.L. Urish et al. / Osteoarthritis and Cartilage 21 (2013) 1550e15571554[Fig. 4(A)] and the means of these compartments are statistically
different [Fig. 4(B)].
To test the observation that the T2 TIC from one compartment
plays a dominant role in OA progression, we isolated the medial
and lateral sub-populations from the dominant compartment and
compared the compartment to the mechanical axis from standing
full-length limb radiographs. Individuals with a dominant
compartment on the lateral condyle were highly correlated with
valgus alignment, and individuals associated with a dominant
compartment on the medial condyle were associated with a varus
alignment. A comparison of these two populations demonstrated
the differences were statistically signiﬁcant as measured by the
Student t-test; however the notched box plot shows the 95% con-
ﬁdence interval of the means’ overlap, suggesting that, at a mini-
mum, the dominant compartment’s location is highly correlated
with mechanical axis [Fig. 4(C)].
Discussion
Measurement of cartilage T2 heterogeneity using the T2 TIC
represents apossiblebiomarker for symptomaticOA. Interestingly, in
a majority of individuals, the main contribution of the T2 TIC origi-
nated from one dominant compartment which is highly correlated
with themechanical alignment suggesting themeasured differences
in cartilage T2between these groups are associatedwith alteration in
joint loading. This suggests that for most subjects, the T2 TIC in a
single knee compartment is predicting the onset of OA symptoms,Fig. 4. A T2 TIC that indicates OA is associated primarily with one knee compartment. (A) Th
compartment (medial, lateral, or patella). To demonstrate this, the aggregate TIC “partial sco
for the compartment in rank order with the largest partial score (ﬁrst), for the second larges
SVM decision score is shown as the vertical black line. (B) The average TIC for each of the thr
the average TIC of each of the compartments. (C) The dominant compartment that predicted
individuals with a dominant medial or lateral compartment contribution to the TIC comp
associated with an increased TIC in the medial compartment and vice versa for valgus aligand this compartment is correlated with areas of increased joint
loading based on the mechanical alignment of the knee.
The T2 TIC is a composite measure of the inherent signal vari-
ation of the T2 map. It represents a series of texture metrics that
capture the loss of the normal signal pattern. For example, GLRL
and GLCM texture features measure this change in signal homo-
geneity by measuring the repetition of voxel signal intensity across
an entire voxel neighborhood. Normal knee articular cartilage T2
values have a spatial signal variation in T2 values that reﬂect
regional variation in the collagen ﬁber anisotropy and water con-
tent4. In early OA, there is a loss of cartilage anisotropy and increase
in water content that produce greater variability in T2 values be-
tween neighboring voxels10. The T2 TIC measures the loss of the
articular pattern of signal variation between the articular surface
and bone observed in normal cartilage. A low TIC represents a
homogenous signal and a high TIC represents a heterogenous
signal. From a structural perspective, it is likely that the T2 TIC is
driven by multiple mechanisms of cartilage degradation that occur
concurrently with the onset of OA. These include processes known
to lead to elevation in cartilage T2 such as loss of collagen anisot-
ropy and increased cartilage water content4,7,29, as well as other
factors that can lead to greater heterogeneity in water bindings
sites onmacromolecules contributing toT2 relaxation. For example,
the absence of aggrecan in cartilage has been shown to produce
high variability in the T2 distribution of cartilage30.
The importance of texture in T2 relaxation time mapping has
been recently demonstrated by multiple groups. The value of thee features that dominate OA decisions, for most subjects, come from primarily one knee
res” were calculated for each knee compartment in each subject. A histogram is shown
t partial score (second), and for the minimum partial score (third), across subjects. The
ee compartments (First, Second, and Third) are well-separated. Notched box plots show
OA progression is strongly correlated with mechanical alignment. Notched box plot of
ared as a function of the mechanical axis. Individuals with a varus alignment were
nment. Negative mechanical axis values indicate valgus alignment. *P < 0.05.
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population of individuals23. When comparing unexposed control
and populations at increased risk of developing OA, the mean T2
signal, GLCM contrast, and variance are elevated in the at risk
group31. In populations that have already developed clinically sig-
niﬁcant OA, differences in signal texture have been measured as
compared to unexposed control populations24. Our results support
these ﬁndings and extend this work: First, changes in texture are
not only present prior to the development of clinical or radio-
graphic knee OA but are also prognostic for symptomatic OA pro-
gression. Second, these signal changes are localized to a single
compartment, which is correlated with the mechanical axis.
Together, these results support further development of the T2 TIC
as a possible prognostic imaging biomarker to identify individuals
at risk for symptomatic OA progression and to explore the associ-
ation with knee mechanics.
The non-progression and symptomatic OA progression pop-
ulations were similar at baseline from a clinical perspective.
Asymptomatic OA was deﬁned as a WOMAC score less than 10 and
symptomatic OA progressionwas deﬁned as a change of at least 10.
The minimum change in the WOMAC subscales has been measured
between 9 and 2032e34. In patients with low baseline WOMAC
scores, the minimally perceptible change was approximately 1032.
Here, the differences in the baseline WOMAC scores between the
two groups are similar from a clinical perspective.
The features used to build the T2 TIC are not a unique solution.
MFE was used to reduce the number of features from 725 to 22 by
eliminating redundant features or ones that did not add value to
the model. Different features eliminated from the model can be
substituted for features included in the model without a loss of
accuracy. We reported the maximum accuracy we could achieve
from our data set. The description of one feature set reveals that a
number of features across a range of sections are important.
To simplify the model, the tibia was not segmented based on the
assumption that T2 signal changes on the femur would reﬂect cor-
responding changes on the tibia to at least a minimal degree. Wear
patterns of the tibiofemoral articulation are known to correspond
between surfaces35. Other groups have demonstrated correspond-
ing contact pressure and contact areas in the tibiofemoral articular
surface in both compartments despite alterations in varus or valgus
loading36. Addition of the tibia articular surface into the model
would likely improve the accuracy of the prognostic biomarker.
To increase the cohort size and accuracy of our model, patients
with a low level of radiographic OA (KL grade 2) were included in
the cohort. Although statistically signiﬁcant, the difference in the
mean KL grades between the two populations were less than one
and signiﬁcantly below the threshold deﬁned by the grading scale
for deﬁnite OA of KL  2. If the cohorts excluded subjects with an
initial KL grade of 2 from the analysis, there was only a minimal loss
of accuracy of the model, suggesting the T2 TIC was primarily
prognostic for changes in WOMAC score.
The OAI has demonstrated consistent and reproducible T2 map
values across multiple sites and time periods37,38. Variation in T2
values has been shown to be less than approximately 5% in this
group37. Further, the signal on each T2-weighted voxel decays
exponentially. This exponential decay can be used to transform a
T2-weighted image to a T2 map that possesses the information of
T2-weighted image in a format that is independent of user and
machine characteristics increasing the reproducibility of T2 map-
ped values4. In this work, we demonstrated our model’s ability to
handle T2 maps from multiple centers by using T2 maps collected
from multiple sites at different time points.
An advantage of using texture analysis rather than absolute T2
values is less sensitivity to systematic bias between scanners in the
T2 measurement. A recent study has shown that T2 measurementsbetween different vendors can vary by as much as 5 mse10 ms
making it difﬁcult to compare T2 values across different scanners39.
Since texture analysis is comparing differences in T2 values be-
tween neighboring voxels it is insensitive to factors that produce a
uniform systematic bias in the measurement. Factors such as the
magic angle and partial volume effect produce regional variation in
T2 values across cartilage that makes it difﬁcult to compare T2
values obtained from different regions in the joint. Since these ar-
tifacts occur in a very predictable pattern within the joint, analysis
of T2 texture is able to differentiate this pattern from the more
random spatial distribution in T2 seen with early cartilage injury.
In conclusion, our results indicate that measurement of cartilage
T2 heterogeneity as deﬁned by a composite marker termed the T2
TIC is able to differentiate subjects with preclinical OA that are at
risk of developing OA symptoms. The ability to differentiate pa-
tients at risk for symptomatic OA progression prior to symptomatic
presentation based on MRI signal changes would be valuable in
clinical and epidemiological studies for disease-modifying OA
drugs (DMOADs), joint preservation surgical interventions, and the
development of post-traumatic arthritis in anterior cruciate liga-
ment andmeniscal injuries. Further studies are needed using the T2
TIC in populations outside of the OAI to validate accuracy.
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